To understand the brain, molecular details need to be overlaid onto neural wiring 13 diagrams so that synaptic mode, neuromodulation and critical signaling operations 14 can be considered. Single-cell transcriptomics provide a unique opportunity to collect 15 this information. Here we present an initial analysis of thousands of individual cells 16
Introduction 27
Neuroscience is typically studied at the systems, cellular, or molecular level. 28
However, it will be necessary to bridge these traditional boundaries to fully 29 understand how the brain operates. Such a momentous task is somewhat simplified 30 if analyses are focused on an animal with a relatively small brain, but where systems-31 level processes are evident. In many respects, the vinegar fly Drosophila 32 melanogaster fits the bill (Haberkern and Jayaraman, 2016) . Drosophila have an 33 estimated 150,000 neurons in the entire brain, of which the optic lobes, or visual 34 neuropils, comprise two thirds of this neural mass. The remaining approximately 35 50,000 neurons, or midbrain, houses many key neural structures such as the 36 mushroom bodies and central complex, which are, amongst other things, critical for 37 memory-directed behavior (Cognigni et al., 2018) New developments in single-cell sequencing technology provide a unique means to 51 generate such a brain-wide view of gene expression with cellular resolution. 52
Massively parallel approaches, such as Drop-seq (Macosko et al., 2015) , permit 53 simultaneous analysis of the transcriptomes of 1000s of individual cells. In brief, each 54 cell from a dissociated tissue is first captured with an oligonucleotide bar-coded bead 55 in a nanoliter aqueous droplet. The bar-coding allows all of the mRNAs expressed in 56 a cell to be assigned to the same cell, and for the identity of the cell to be 57 remembered. Following this critical cell-specific hybridization step, all the material 58 from 1000s of individual cells can be pooled and processed together for mRNA 59 sequencing. Drop-seq therefore provides the means to access the transcriptomes of 60 a representation of most cells in the fly midbrain. 61 Drosophila brain ( Fig. 1 -figure supplement 2B ). More stringent criteria decreased 114 the number of cells included without further improving the clustering ( Fig. 1 -figure  115 supplement 2C). A comparison between our eight individual replicate experiments 116 revealed that all of them contributed equally to all but one cluster ( Fig. 1 -figure  117 supplement 3). We therefore chose to use the 10,286 cells that have ≥800 UMIs from 118 our eight pooled replicates for our subsequent analyses. 119
We assessed the transcript drop-out rate, by determining the number of cells that can 120 be seen to express the male-specific long non-coding RNA on the X 1 (roX1) gene 121 (Kelley and Kuroda, 2003) . The distribution of UMIs for this gene was biphasic, with 122 one peak at 0, and another at 9 UMIs ( Fig. 1 -figure supplement 4A ). Since our data 123 was prepared from an equal number of male and female brains we reasoned that 124 these two populations must represent cells from female and male flies, respectively. 125
We used the median between the two peaks (4.5) as cut-off to separate these two 126 populations which revealed that 43.1% of all the cells express roX1 and therefore can 127 be considered male (Fig 1 -figure supplement 4B ). Since this number is close to the 128 expected 50%, this distribution suggests that transcript drop-out is low in our high-129 quality dataset of 10,286 cells. Interestingly, the neural Cluster J and Glial cluster 2 130 are almost exclusively comprised of roX1-negative cells, suggesting that they may 131 contain cells that are only present in the female brain. 132
We manually annotated 28 clusters in the t-SNE plot of 10,286 cells, with each 133 containing between 9 and 7167 cells ( Fig. 1B) . We assigned cell identity to a number 134 of cell clusters according to the markers in Supplementary File 2 (which contains the 135 list of genes that are significantly over-expressed in each of these clusters, compared 136 to all others); the mushroom body (MB) Kenyon Cells (KCs), olfactory projection 137 neurons (PNs), ellipsoid body (EB) ring neurons, monoaminergic neurons, astrocytes 138 and other glia, and insulin producing cells (IPCs). We also identified a few cells from 139 the ocelli, in addition to fat body tissue, some of which is present in the head capsule 140 and therefore is also expected to be included in our dissected brain tissue. We also 141 identified 12 additional cell clusters that we could not at this time assign to a 142 particular neural type, and that we name with the letters A-L. Surprisingly, cluster G 143 only contained cells obtained from a single replicate experiment ( Fig. 1 -figure  144 supplement 3). The largest cluster of all contains 7167 cells with a variety of 145 expression profiles, that at this stage of analysis, we marked as "unannotated", but 146 that can nevertheless be segregated for example, based on their primary fast-acting 147 NT (see below, and Fig. 4 ). 148 6 149
Identification of mushroom body Kenyon Cells 150
The easiest and most certain way to assign a Drop-seq cluster to a specific cell-type 151 is to track the expression of a transgenically expressed marker. For this reason, our 152 single-cell expression dataset, was generated from a genotype of flies that express 153 an mCherry transgene specifically in the αβ subset of MB KCs ( Fig. 2A ). In addition, 154
we have previously deep-sequenced the genome of this strain at high coverage 155 (Treiber and Waddell, 2017) which enabled more precise mapping of Drop-seq reads 156 to the genome of this particular fly strain. To our surprise, visualizing mCherry 157 expression levels in our dataset revealed labeling of a very distinct group of cells 158 ( Fig. 2B ), that allowed us to assign this cluster to αβ KCs. 159
The MB is a brain structure that is critical for olfactory learning and memory (de Belle 160 and Heisenberg, 1994; Cognigni et al., 2018; Heisenberg, 2003) and it is comprised 161 of three main classes of neurons, the αβ, αʹβʹ and γ neurons, that are 162 morphologically unique and have dissociable roles in memory processing and 163 expression (Bouzaiane et al., 2015; Perisse et al., 2013) . We first identified the αʹβʹ 164 and γ KC types, using the expression of the previously known general KC markers 165 eyeless and Dop1R2 (aka Dopamine receptor in mushroom bodies, damb) (Han et 166 al., 1996; Kurusu et al., 2000) . Cells expressing these two markers were contained 167 within three distinct clusters, including the αβ cluster identified as expressing 168 mCherry ( Fig. 2C-D) . The αβ and γ KCs have previously been shown to be 169 distinguishable from the αʹβʹ neurons using the expression of molecular markers. The 170 αβ and γ KCs express short neuropeptide F precursor (sNPF) (Johard et al., 2008) 171 and Fasciclin 2 (Fas2) (Cheng et al., 2001; Crittenden et al., 1998) , whilst αʹβʹ and γ 172 KCs express the rho guanyl-nucleotide exchange factor gene trio (Awasaki et al., 173 2000) . The expression patterns of these three genes, permitted us to assign each KC 174 cluster to one of these KC subtypes ( Fig. 2E ). Furthermore, we identified 26 175 additional genes that are differentially expressed between KC subtypes ( Fig. 2F ). Of 176 these, ten have roles in gene regulation, five in signal transduction, and three in 177 synapse function. 178 179
Identification of olfactory projection neurons 180
We assigned two cell clusters to PNs (Fig. 1B) , based on the strong expression of 181 two previously described markers, cut (ct) and abnormal chemosensory jump 6 182 (acj6). The ct gene encodes a homeobox transcription factor involved in dendrite 183 targeting in PNs and is known to be expressed in a subset of the antero-dorsal (ad-), 184 lateral (l-) and ventral (v-) PNs (Komiyama and Luo, 2007) . The acj6 gene encodes a 185 POU-domain transcription factor that is also necessary for PN development and has 186 been described to label all adPNs and a subset of lPNs (Komiyama et al., 2003; Lai 187 et al., 2008) ( Fig. 3C ). We next isolated the cells from these clusters and performed a 188 new PCA and t-SNE analysis on the top six PCs. PNs segregated into four distinct 189 clusters, each of which expresses a specific transcriptional signature ( Fig. 3 A- 
B). 190
Consistent with the expression patterns mentioned above, ct transcripts were found 191 in all four PN clusters, whereas acj6 was only identified in three of them (Clusters 1, 192 2 and 4; Fig. 3C ). Interestingly, ventral veins lacking (vvl), another POU-domain 193 transcription factor reported to be expressed in acj6-negative lPNs (Komiyama et al., 194 2003; Li et al., 2017) only labeled a small number of neurons, which were all part of 195 the cluster that was negative for acj6 (Cluster 3; Fig. 3C ). Our data therefore confirm 196 the non-overlapping expression patterns of acj6 and vvl, and support the assignment 197 of the vvl expressing cluster to cells including the lPNs. 198
To identify putative ventral PNs (vPNs), we used expression of Lim1, which encodes 199 a LIM-homeodomain transcription factor reported to be expressed in most vPNs, but 200 not in adPNs or lPNs (Komiyama and Luo, 2007; Li et al., 2017) . Surprisingly, Lim1 201 labeled one of the three acj6-positive clusters, and several neurons co-expressed 202 both Lim1 and acj6 (Cluster 4; Fig. 3C ). This contrasts with a previous study that 203 indicated that acj6 and Lim1 expression does not overlap, as a result of these two 204 genes being expressed in progeny derived from discrete PN neuroblasts (Komiyama 205 and Luo, 2007) . About 50% of the acj6-positive neurons were recently shown to 206 express knot (kn), another transcription factor involved in dendrite morphology 207 We also identified three to eight genes in each PN cluster that were significantly 211 over-expressed, as compared to the expression in other PN clusters ( Fig. 3B ). Of 212 potential functional importance, we found that the acj6 + /kn + PNs express the sNPF 213 neuropeptide gene, whereas neurons encompassing the putative lPNs express 214
Tachykinin (Tk). These data suggest that these two classes of otherwise cholinergic 215 neurons might co-release different neuropeptides. Interestingly, the sNPF and Tk 216 neuropeptides have previously been reported to have a modulatory role in the 217 antennal lobe, although these studies concluded that the peptides were released 218 from olfactory receptor neurons and local interneurons, respectively (Ignell et al., 219 2009; Nässel et al., 2008) . More recently, others have also detected the expression 220 of Tk in PNs (Li et al., 2017) . 221 222
Assigning fast-acting neurotransmitters 223
We next assessed the proportion and distribution of cells in our data set that express 224 genes that would indicate they release a particular fast-acting NT; acetylcholine 225 (ACh), glutamate (Glu) and gamma-aminobutyric acid (GABA). We determined that 226 cells were cholinergic, glutamatergic or GABA-ergic based on the expression of 227 vesicular acetylcholine transporter (VAChT), vesicular glutamate transporter (VGlut) 228 and glutamic acid decarboxylase 1 (Gad1), three key proteins that are either required 229 for the vesicular loading, or metabolism, of ACh, Glu and GABA respectively. Cells expressing these NT-specific marker genes were largely exclusive, although 236 6% of cells contained markers for ACh and GABA and 6% for ACh and Glu. It is 237 therefore conceivable that some cells release excitatory and inhibitory NTs. A smaller 238 percentage of cells expressed markers for Glu and GABA (3%), of which a third (1%) 239 expressed all three NT markers (and therefore possibly represent multiple cell 240 captures) ( Fig. 4B ). 241 242
Analysis of Neuropeptide expression 243
We also analyzed the expression of neuropeptides in our Drop-seq dataset. We first 244 investigated whether individual neuropeptide-encoding genes were preferentially 245 expressed in neurons that co-transmit/co-release a particular fast-acting NT ACh, Glu 246 or GABA ( Fig 7A) . sNPF, CCHamide-2 (CCHa2), Tk, space blanket (spab), jelly belly 247 (jeb) and amnesiac (amn) showed a strong preference for expression in cholinergic 248 neurons, whereas Diuretic hormone 31 (Dh31) is highly biased to GABA-ergic 249 neurons. Neuropeptide-like precursor 1 (Nplp1) and Allatostatin A (AstA) were mainly 250 expressed in glutamatergic cells. 251 Some other peptide-encoding genes show a strong anti-correlation with a particular 252 transmitter. For example neuropeptide F (dNPF), sNPF, Tk, spab, jeb, Allatostatin C 253 (AstC), Diuretic hormone 44 (Dh44), CCHa2 and Myosuppressin (Ms) were anti-254 correlated with GABA-ergic cells. Similarly, Myoinhibitory peptide precursor (Mip), 255 pigment-dispersing factor (PDF) and SIFamide (SIFa) were absent from cholinergic 256
neurons. 257
Ms showed an interesting bias for expression in cells that express two (Glu and ACh 258 or Glu and GABA ) or all three fast acting NTs. We also noticed that the specificity 259 towards cells expressing only one type of fast-acting NT varied between 260 neuropeptides, with some such as PDF, exhibiting a broad and general expression 261 pattern, other than the anti-correlation with ACh. 262
The abundance and specificity of expression across the midbrain also varied 263 between individual neuropeptides. Some neuropeptide-encoding genes are only 264 expressed in 1-2% of cells (e.g. CCHa2, amn, dNPF, Mip, PDF and SIFa), and their 265 release could therefore potentially represent signals of, for example, internal states. 266
Others, such as spab, sNPF and Nplp1, are very broadly expressed in 20-25% of all 267 cells (see Supplementary file 1), suggesting that these neuropeptides likely act as 268 modulatory co-transmitters with fast-acting NTs. 269 Some neuropeptide expression patterns are highly specific to certain cell types. For 270 example, Dh31 is mainly expressed by EB neurons whereas sNPF is strongly 271 expressed in KCs ( Fig. 2E ), in a subdivision of PNs ( Fig. 3B ) and in two clusters that 272
have not yet been assigned to a specific cell-type. Furthermore, although both spab 273 and Nplp1 are very broadly expressed, their expression patterns are strongly anti-274 correlated, suggesting that they may have complementary functions in the Drosophila 275 midbrain. 276
We also found transcripts for the Drosophila insulin-like peptides 2, 3, 5 and 6 ( Fig  277   5B ). The Ilp2, Ilp3 and Ilp5 peptides are exclusively expressed in IPCs in the brain, 278
whilst Ilp6 is expressed in glia (Brogiolo et al., 2001; Okamoto et al., 2009 ). We found 279 that Ilp2, 3 and 5 expression was weakly correlated with that of NTs, whilst Ilp6 280 expression is strongly correlated with cells that do not express NT markers, 281 consistent with glial expression. 282 283
Assignment and subdivision of monoaminergic neurons 284
We used expression of the vesicular monoamine transporter (Vmat) gene to identify 285 monaminergic neurons in our midbrain dataset ( Figure 6A ). Three discrete cell 286 populations clearly expressed Vmat. We performed a new PCA and tSNE analysis 287 on cells from these three clusters, guided by known markers for serotonin (5-HT), Many neurons release more than one NT. We therefore investigated whether the 304 different types of monoaminergic neurons co-expressed markers for fast-acting 305 transmitters. The most striking evidence in these analyses suggest that many 306 octopaminergic and tyraminergic neurons likely co-release Glu, and less of them 307 GABA, or ACh. (Fig. 6D ). 308
We also tested whether monoaminergic neurons co-expressed neuropeptide genes. 50% and 81% of all monoaminergic neurons, respectively ( Fig. 6E ), suggesting that a 314 significant proportion of monoaminergic neurons likely co-release neuropeptides. 315
Indeed, we found expression of Dh44, Nplp1, Glycoprotein hormone beta 5 (Gpb5) 316 and Proctolin (proc; which is not amidated) in up to 21% of DANs ( Fig. 6E ). 61% of 317
DANs express at least one neuropeptide and 32% express two, or more. Dh44, 318
Nplp1 and spab were found in up to 30% of 5-HT neurons, with 90% of these 319 expressing one or two neuropeptides ( Fig. 6E ). 320
Perhaps surprisingly, OA and Tyr neurons contained mRNA for many neuropeptides. 321
We found that 85% of OA neurons express at least one neuropeptide, whereas 46% 322 express two, or more. Co-expression was even more evident in Tyr neurons; 83% 323 expressed one, whereas 78% express two or more. Nplp1, Gpb5, and SIFa were 324 the transcription factor 48 related 2 (Fer2), which is required for their development 347 and survival (Dib et al., 2014) . We found that 44 neurons in the DA cluster (37%) 348 express Fer2 (Fig. 6B ). We therefore consider these Fer2-positive cells to represent 349 PAM DANs. 15 additional genes are significantly over-expressed in these cells, in 350 comparison to the rest of the brain (Fig. 6F ). Amongst them we found Ddc, ple, Vmat 351 and DAT, that are essential for DA synthesis, vesicle loading and transport 352 (Yamamoto and Seto, 2014 Fluorescence Activated Cell Sorting (FACS). We prepared mRNA from GFP+ and 363 GFP-neurons, which was subsequently reverse-transcribed and amplified using 364 Smart-seq2, and sequenced. This analysis identified about 10 times more (143) 365 genes that were significantly over-expressed in PAM neurons, as compared to the 366 number retrieved with Drop-seq ( Fig. 6F ). This return is consistent with previous 367
reports showing a higher recovery rate with Smart-seq2 compared to Drop-seq, but 368 also higher levels of noise, as Smart-seq2 does not employ UMIs (Ziegenhain et al., 369 2017) . Of the 15 genes found to be over-expressed in PAM neurons in the Drop-seq 370 experiment, 9 (ple, DAT, Fer2, JhI-21, scro, DIP-delta, CG10384, CG17193 and 371 CG42817) were also retrieved in the Smart-seq2 data (Fig. 6F ). This confirms that 372 these genes are specifically expressed in PAM neurons. Furthermore, with the 373 exception of ple, DAT and Fer2, these genes have not been previously localized to 374 PAM neurons, and therefore represent novel markers for this cell-type. 2009), we found limited expression of Dop1R1 in the EB, suggesting that only a 388 subset of these neurons are involved in this process. Dop1R1 also seems to be 389 expressed in small numbers of monoaminergic neurons, suggesting that it may play 390 a role in autocrine signaling. However, the main candidate receptor for DA autocrine 391 signaling is Dop2R, which was found to be broadly expressed in DANs, and also in 392 large numbers of other monoaminergic neuronal types (Fig. 7B) . Interestingly, Dop2R 393 expression was also detected in some PNs and IPCs as well as a few non-attributed 394 clusters, which indicates that the activity of these neurons is also subject to 395 dopaminergic modulation. Finally, the Dopamine/Ecdysteroid receptor (DopEcR) was 396 found in several cell types, including KCs, PNs, the ocelli, and many other non-397 attributed clusters ( Fig. 7B ), suggesting a broad role for this receptor. As expected, the first step of DA synthesis, conversion of tyrosine into the DA 410 precursor L-DOPA catalyzed by the ple encoded Tyrosine hydroxylase appears to 411 occur exclusively in DANs (Fig. 7B) . In comparison Ddc, which converts L-DOPA to 412 DA, is also involved in 5-HT synthesis, and so was expressed in DA and 5-HT 413 neurons. Interestingly, Ddc also labels several other neuronal populations, including 414 αʹβʹ and γ KCs, one cluster of olfactory PNs, and several non-identified, alphabet 415 labeled clusters (Fig. 7B) . It is not clear if Ddc in these neurons is involved in the 416 metabolism of DA or other aromatic L-amino acids. 417 Three enzymes have been described to play a role in DA degradation and recycling. 418
The ebony (e) gene product converts DA into N-beta-alanyldopamine (NBAD) 419 (Hovemann et al., 1998; Suh and Jackson, 2007) and was almost exclusively 420 expressed in astrocytes in our data (Fig. 7B) . Dopamine-N-acetyltransferase, 421 encoded by Dat, converts DA into N-acetyl dopamine (NADA). Interestingly, Dat was 422 abundant in astrocytes, in smaller amounts in other glia, and was also detected in the 423 EB and a few other subsets of neurons (Fig. 7B ). Although these results highlight the 424 important role of glia, and in particular astrocytes, in DA reuptake, metabolism and 425 recycling, other cells appear to convert DA into NADA rather than into NBAD. The 426 fate and consequence of these two metabolites in each cell type remains largely 427 unknown. Finally, tan (t), a gene coding for a hydrolase that can convert NBAD back 428 into DA, was not found in any cell population from the central brain itself (Fig. 7B) , 429
suggesting that this recycling pathway is not utilized there. However, several cells inform of subunit composition, co-expression is a prerequisite that limits the potential 457 complexity in any given neuron. We therefore analyzed the co-expression of nAChR 458 subunits in our Drop-seq dataset. We detected the expression, at varying 459 frequencies, of all seven known nAChR α-subunits, and two of the three known β-460 subunits in our samples (Fig. 8A) . α1, α5, α6 and α7 are expressed in considerably 461 more cells than α2, α3 and α4, whereas β1 is expressed in more than twice as many 462 cells as β2. Most subunits are broadly expressed across all cell types, although some 463 exhibit very distinct expression patterns. Most notably, α3 is broadly expressed in the 464 midbrain, but distinctly absent in KCs. We also tested for co-expression of different 465 combinations of receptor subunits ( Figure 8B immunoprecipitation experiments. We also detected high expression levels of the 476 secreted protein quiver (qvr), a Ly-6/neurotoxin family member, in most neurons of 477 our sample (see Supplementary File 1). The mammalian homologue of quiver, lynx1, 478 has been shown to bind and regulate nAChR in the mammalian nervous system 479 (Miwa et al., 1999) . 480 481
Co-expression of activity regulated genes 482
A recent study identified a set of genes whose expression was upregulated in 483 response to prolonged neural activation. These activity-regulated genes (ARGs) were 484 identified using differential bulk transcription profiling following broad neural 485 activation, using three different artificial stimulation paradigms (Chen et al., 2016) . 486
We plotted the expression patterns of the 11 most highly upregulated genes that 487 were identified following optogenetic neuronal activation, and found that 10 of them 488 were also robustly expressed in our dataset (see Supplementary file 1). Interestingly, 489 the expression patterns of the most highly upregulated ARGs were strongly 490 correlated (Fig 9) . For example, cells that express the transcription factor stripe (sr) 491 are more likely to also express Hormone receptor-like in 38 (Hr38, p-value < 2.2x10 -492 16 , Pearson's product-moment correlation) and CG14186 (p-value < 2.2x10 -16 ). These 493 three genes were the most highly upregulated in Chen et al. (2016), following artificial 494 optogenetic neural stimulation. Our data therefore demonstrate that they are also 495 likely to be co-regulated in the brain, following ordinary levels of neural activity. 496
We wondered whether the expression pattern of these ARGs might highlight areas of 497 the fly midbrain that have a high intrinsic level of activity. However, no specific cluster 498 was prominently marked with the expression of 9 out of the 10 ARGs tested. Only 499 CG13055 strongly labeled the cluster of γ KCs ( Fig. 2F and Supplementary file 2) . In 500 addition, we noticed that expression of most ARGs was slightly higher in γ KCs. 501
Since prior work suggested that the γ neurons are the least active of all the KC 502 subtypes (Tomchik and Davis, 2009), we speculate that ARG expression is a 503 homeostatic neural response to reduce excitability. 504
Discussion 505
Generating an atlas of gene expression of every cell type in the human body is a goal 506 of modern science (Regev et al., 2017) . Remarkable recent advance in high-507 throughput single-cell RNA sequencing methods have brought this ambitious goal 508 within reach. However, the large size of mammalian tissues means that huge 509 numbers of cells need to be sequenced in order to capture a representative sample 510 of the overall number. Insects, such as Drosophila, provide an obvious solution to the 511 tissue size and cell number issues. Flies are complex organisms with tissues that 512 serve analogous functions to many mammalian organs. Moreover, each one of these 513 fly tissues is comprised of a greatly reduced number of cells, compared to their 514 mammalian equivalent. This is perhaps most obvious when considering the brain. 515
Whereas the mouse brain is considered to contain about 75 million neurons, the 516 Drosophila brain has only 150,000. Since two thirds of these cells comprise the optic 517 lobes, much of the computational cognitive power and behavioral orchestration is 518 handled by about 50,000 neurons in the midbrain. In this study, we describe a global 519 and unbiased single-cell transcriptomic analysis, using Drop-seq, that is 520 representative of much of the Drosophila midbrain. This initial cell atlas of the fly 521 brain provides a unique resource of gene expression across many cell types and 522 regions of neuropil. 523
The extent of neural diversity is not known in any brain. Analysis of the fly therefore 524 provides a useful inroad to this question. Even our initial clustering indicates a high 525 level of neural complexity in the fly brain. Labeling the cluster plot with markers for 526 the ACh, Glu and GABA NTs reveals that many diverse cells use each of these fast-527 acting NTs. For example, although the three major subsets of MB KCs are all 528 cholinergic they each occupy a discrete cluster, and are distant to many other 529 cholinergic neurons. The GABA-ergic ring neurons of the EB are similarly unique and 530 distinct from other GABA-ergic neurons. At this stage, we cannot tell whether cells in 531 the major KC subtype and EB neuron clusters are truly homogenous, or whether 532 further iterative clustering will separate them into additional distinguishable subtypes. 533
We might expect to find that the anatomically unique core, surface and posterior 534 subdivisions of the αβ KCs have unique molecular profiles within the larger αβ 535 cluster. Similarly, the EB ring neurons might be separable into layer specific 536 subtypes. This will require additional analyses and perhaps the collection of more 537 cells. Comparing Drop-seq profiles from the fly brain to those from larger social 538 insects, such as ants and honeybees, and to neurons from the mammalian brain 539 would be useful to address the question of how a larger brain is constructed. As a 540 brain evolves to be bigger, are there many more cell types? Or is there simply an 541 expansion of the number of copies of each cell-type? One might imagine that just 542 expanding the number of identical cortical units, such as pyramidal neurons or MB 543 KCs, increases the computational power of the brain by permitting a higher degree of 544 parallel processing and that the resulting larger networks also provide more storage 545 space. 546
A key element of our analysis here is the ability to assign many single-cell molecular 547 signatures to the relevant cell-type and brain region. We did this using a number of 548 different approaches. Our data was collected from individual neurons taken from 549 brains that specifically express mCherry in the αβ KCs of the mushroom body. This 550 allowed us to unequivocally identify these neurons in our cluster plot, and 551 demonstrates the power of sequencing cells from a brain where some specific 552 neurons are genetically labeled. In theory, this strategy can be used to identify the 553 profiles for any Drosophila cell-type in a Drop-seq dataset, providing a corresponding 554 specific GAL4 driver line is available. This is a clear advantage of using Drosophila 555 as a model for a brain cell-atlas, because thousands of GAL4 lines are available that 556 direct expression in specific subsets of neurons in the brain. Cell-specific transgene 557 expression therefore presents the most straightforward means to link single-cell 558 sequencing data to neuroanatomy and will be very useful to de-orphan our currently 559 'unannotated' cells. 560
The extensive collection of cell-specific GAL4 lines were constructed by fusing 561 potential regulatory regions from genes to GAL4 coding sequence. Their expression 562 patterns can therefore indicate elements of the expression of the gene from which 563 they are taken. We also used this property of the GAL4 collections to help us assign 564 single-cell data to specific neurons. For example, we originally suspected that one of 565 the clusters corresponded to EB ring neurons because cells in the cluster expressed 566 the Gad1 marker for GABA-ergic neurons and Fas2, an antibody for which is known 567 to label this region of neuropil. To corroborate this assignment to EB we asked 568 whether promoter-GAL4 lines constructed from some of the other top new markers 569 for this cluster, such as Dh31 and Sox21b, labeled EB ring neurons. Indeed, we 570 found that the R20A02 (Dh31) and R73A06 (Sox21b) GAL4 drivers very specifically 571 express in these neurons. Therefore, by combining the expression of known markers, 572 and querying the specificity of new markers, it is possible to convincingly assign 573 transcriptional profiles to cell-type. 574
Our initial analyses of the brain cell-atlas also immediately provided a lot of new 575 information that is of functional importance. We focused our first investigations on 576 neurotransmitter usage and the potential for synaptic co-release/co-transmission. 577
These analyses clearly defined the main fast-acting transmitters used by each cell 578 cluster. For example, the KC transmitter was fairly recently determined to be Ach 579 (Barnstedt et al., 2016) and consequently all the KC clusters strongly labeled with the 580 cholinergic markers ChAT and VAChT. The cell-atlas dataset therefore allows one to 581 easily determine the neurotransmitters that a particular cell-type uses, providing the 582 cells of interest can be identified in the cluster plot. 583 Important questions can also be addressed even without identifying how particular 584 cells appear in the cluster plot. One example is our analyses of potential co-release 585 of multiple fast acting transmitters or fast-acting transmitters with neuropeptides. Our 586 data suggest that a small percentage of neurons might co-release ACh and Glu, or 587
ACh and GABA. Analyzing co-expression of transmitter marker genes and 588 neuropeptide-encoding genes revealed some very interesting and novel findings. We 589 found that some neuropeptides, whether expressed in many or only a few cells, are 590 exclusively detected in neurons that use a particular fast-acting transmitter. These 591 correlations suggest a fine relationship between the fast-acting transmitter and 592 neuropeptide-specific modulation. Our co-expression analyses also reveal extensive 593 expression of neuropeptide-encoding and processing genes in monoaminergic 594 neurons. It will be interesting to test whether the apparent heterogeneity of 595 neuropeptide expression in these neurons contributes to their apparent functional The brain cell atlas is of great use to those with a gene-centered view of fly 601 neurobiology. It is now possible to query the atlas and ask how broadly, or cell-602 specifically, a given gene is expressed. Our initial clustering allows one in some 603 cases to pinpoint the expression to a defined cell-type and region of neuropil. This 604 seems particularly valuable information if one is working with a gene, for example, 605 one that has been implicated in neural disease, but does not know the anatomical 606 context in which it operates. Similarly, if a constitutive mutant fly strain has pleiotropic 607 effects, the expression pattern of the gene can indicate where the different 608 phenotypes might manifest. Moreover, the brain-atlas dataset can provide these 609 answers quickly for multiple genes, and it therefore represents a terrific complement 610 to the usual time-consuming and 'single-gene at a time' approaches, such as 611 technically challenging in-situ hybridization to RNA, generating antibodies, making 612 promoter fusions, or knocking in epitope tags to individual loci. Perhaps most 613 importantly, querying the cell-atlas provides single-cell resolution of gene expression 614 across all the major cell-types in the fly midbrain. 615
616
We believe that the potential uses for the cell atlas are almost endless. The data 617 reveal a huge number of new genetic markers for known cell types, and as yet 618 undefined cell types, in the fly brain. Many of these are likely to be functionally 619 important and represent new entry points to guide interventionist experiments to 620 understand how specific molecules operate within the relevant neurons and 621 networks. Although we focused on neural cells, different classes of glia (Freeman, 622 2015) could also be defined in the cluster. 623
Our initial analysis was performed on 10,286 of the highest quality cells (≥800 UMIs) 624 from a larger dataset of 19,260 cells. This atlas is effectively a scaffold that can now 625 be continuously updated and expanded as additional cells are collected and 626 sequenced. Our current dataset was derived from cells taken from unique groups of 627 flies, processed on 8 separate days, and yet each biological replicate contributed 628 equally to the combined data set. This robustness and reproducibility of the approach 629 is essential to know in order to be able to add data from future experiments to the 630 current cell cluster. Including more cells with a comparably high number of UMIs per 631 cell should increase statistical power and permit further resolution of cell-type. 632
Including more cells with a lower number of UMIs per cell did not improve our 633 analysis. 634
The current dataset was collected from young flies that were raised under ideal 635 conditions with ample food and water. Future experiments that aim to investigate the 636 impact of changes to the state of the fly, such as age, bacterial infection and 637 starvation, can use the current cell atlas as a foundation to identify changes in 638 expression patterns that may occur in individual cells across the midbrain. Similarly, 639 brains from flies harboring specific mutations can be molecularly characterized using 640 the approach described here, to uncover molecular manifestations of the mutant 641 phenotype. 642
The fly brain cell atlas described here should also be a valuable resource to 643 researchers working in other animals. Many markers for Drosophila cell-type are 644 likely to be conserved in other insects and arthropods, and so will be useful markers 645 for regions of the brain in these animals (Thoen et al., 2017; Wolff and Strausfeld, 646 2015) . The orthologs of some of these new markers, for example those expressed in 647 subsets of dopaminergic neurons, might also extend to labeling comparable cells in 648 the mammalian brain. 649
Materials and methods 650
Fly strains 651
The Drosophila strains used were MB008B (Aso et al., 2014) Reagents were reloaded and Falcon tubes replaced every 15 minutes. 708
Droplets were subsequently broken and beads with captured mRNA were washed as 709 described (Macosko et al., 2015) . In brief, bead-bound mRNA was immediately 710 reverse-transcribed using a Template Switch Oligo 2015; Satija et al., 2015) . Cells with less than 200 genes were discarded. Several 748 thresholds for the number of UMIs per cell were tested (see Fig. 1 -figure  749 supplement 2). All results presented here are based on 800 and 10,000 UMIs per cell 750 as lower and higher threshold, respectively. Data was log-normalized and scaled 751 using default options. Variation driven by individual batches was regressed out from 752 the normalized, scaled data. PCA analysis was performed on the data as previously 753 described (Macosko et al., 2015) . To visualize the data, spectral t-SNE 754 dimensionality reduction was performed, using the first 50 PCAs, as instructed by a 755 
